In this essay I assess the impact of generating species distribution models (SDMs), also known as ecological niche models (ENMs), within artificial geographical or political boundaries by comparing them with SDMs that use the complete distribution of species. I illustrate the differences between the paired SDMs on the plant genus Inga modelled within the political boundaries of Brazil (Partial SDM) compared to SDMs developed for the entire Neotropical humid tropics biome (Full SDM). Partial SDMs portray range contractions, or under-prediction, at the artificial boundaries and have different patterns of predicted presence and absence. It is therefore advisable that SDMs use presence data from the complete distribution ranges of species. Furthermore, it should be kept in mind that any SDM essentially has a partial extent in space and time.
Setting the Scene
The wide use of species distribution models (SDMs), was boosted by the seminal review paper of Guisan & Zimmermann (2000) on 'Predictive habitat distribution models in ecology' and has since grown explosively (Cayuela et al. 2009; Lobo et al. 2010) . To date, this has resulted in two textbooks on the principles and applications of SDMs by Franklin (2009) and Peterson et al. (2011) , and in numerous review and perspectives papers. The popularity can be ascribed to the application of SDMs in the fields of species discovery (Raxworthy et al. 2003) , mapping biodiversity (Raes et al. 2009; van Welzen et al. 2011) , conservation planning (Zhang et al. 2012) , climate change effects (Hsu et al. 2011) , species' invasions (Broennimann & Guisan 2008 ), evolution of niches (Yesson & Culham 2006; Evans et al. 2009) , to list but a few (see Araújo & Peterson (2012) for an extensive list).
SDMs identify correlations between aspects of abiotic conditions and known occurrences of species across 'landscapes of interest' to define sets of conditions under which species are likely to be able to maintain viable populations (Araújo & Peterson 2012 ). This essay focuses on the impact of the extent of the 'landscapes of interest' on predicted distributions of species, for which I provide a worked out example. The focus lies on over-and underprediction of SDMs fitted on an artificially constrained geographic space (i.e. political boundaries) compared to SDMs fitted on the total range of occurrence (sensu Maiorano et al.(2012) for time slices). To my knowledge this territory is largely unexplored (except Barbet-Massin et al. 2010; Sánchez-Fernández et al. 2011 ; and conceptually by Godsoe 2012) .
Before getting into the subject of 'landscapes of interest' , it is important to clarify the differences in the definitions of the terms: 'Bioclimatic envelope models' , 'Ecological niche models (ENMs)' , 'Habitat suitability models (HSMs)' and 'Species distribution models (SDMs)' , as proposed by Araújo and Peterson (2012) . All these terms are being used alternately, and not always in the correct context. Bioclimatic envelope models estimate the "multivariate space of climatic variables (the envelope) best matching the observed species' distribution". Instead of simply estimating the bioclimatic envelope, ENMs "link the envelope to elements of ecological niche theory rooted in the early work of Grinnell (1917) and Hutchinson (1957) ", and also in the later work of Tilman (1982) . I interpret ENMs as restricting the bioclimatic envelope to variables that are meaningful to the ecological niche of the species, without inferring any geographic projection. HSMs refer to "the suitability of area for a species to occur, its habitat; as such the physical space where the species lives and the available resources it can use are emphasized". This is a rather broad definition. Lastly, SDMs "characterize the multivariate environmental space delimiting species' distributions, and project this subset of environmental space back onto geography". SDMs directly build on Hutchinson's duality, define niche conservatism as the retention of niche-related ecological traits over time. They provide an extensive list with examples supporting the existence of conservatism of the fundamental niche that provides predictability across environmental dimensions and time frames using SDMs; the same was concluded by Araújo & Peterson (2012) . Nonetheless, examples of rapid niche evolution have been reported (Broennimann et al. 2007; Pearman et al. 2008) . Holt (2009) provides a comprehensive framework to study the evolution of the niche. Although, the provisional conclusion can be that niches are conserved, which is relevant to the reliable use of SDMs; this conclusion is of less importance to the assessment of the impact of modelling partial versus full SDMs, because the models are not projected in time nor space.
Probably the most problematic and controversial for the reliable use of SDMs is the assumption that species' distributions are in equilibrium with climate. This was shown to be incorrect for European trees which are still filling their potential distribution since the last glacial maximum, 21 kyr before present (Svenning & Skov 2004) . Similarly, expansions and contractions of the Amazonian rain forest under the influence of glacial cycles have been reported (Mayle et al. 2000) . It is therefore advised that SDMs are calibrated across the broadest spatial, environmental and/or temporal extents that are biologically and biogeographically justifiable to capture a species' niche in its broadest sense (Barve et al. 2011; Araújo & Peterson 2012 ).
Nonetheless, SDMs are often used to model the distribution of species within the artificial boundaries of countries, and even provinces (Loiselle et al. 2008; Pineda & Lobo 2009; Zhang et al. 2012 ; among many others), covering a subset of species' niches. Here I assess the impact of modelling species' partial niches on their predicted distributions within the artificial boundaries of the 'landscape of interest' , by comparing them with their 'expected' distributions (within the artificial boundaries) derived from a full niche model that takes all available collection localities in account. For reasons of clarity; this is different from testing how well models fitted within artificial boundaries are capable of predicting a species' full extent of occurrence, known as transferability studies (Wenger & Olden 2012; Zurell et al. 2012) .
Partial versus Full Distribution Models
There are several reasons why it is important to include as many collections as possible and not to restrict SDMs to artificial (political) boundaries. First, the subset likely does not include the full environmental variation under which a species is known to occur. Second, even within the entire range of occurrence, collection localities tend to be biased to more accessible areas which can result in environmentally biased collections (Reddy & Davalos 2003; Hortal et al. 2007; Schulman et al. 2007 ). The use of environmentally biased collections to fit an SDM, in turn, or the reciprocal correspondence between ecological niche space and geographic space. It should be noted, however, that any defined ecological niche space derived from the observed distribution of species in geographical space is, at best a realized niche; unless demonstrated otherwise (Colwell & Rangel 2009 ). The full extent of a species' fundamental niche cannot be revealed by the environmental conditions at observed collection localities. Estimation of the fundamental niche can only be achieved by experimental studies and physiological models (Colwell & Rangel 2009 ). This limitation should be kept in mind while interpreting any correlative model derived from observed collection localities and the abiotic conditions at those localities. Here, I prefer to use the term SDM because this unifies the niche concept with its geographical projection.
Question is: what do SDMs model or estimate? The presence of a species is determined by three factors that can be visualized by three overlapping circles, each representing a factor in the 'BAM'-framework (Soberón & Peterson 2005; Soberón 2007; Godsoe 2010 ). In the 'BAM'-framework, the first circle ' A' represents the geographic region with the appropriate set of abiotic conditions for the species, and may be regarded as the geographic expression of the fundamental abiotic niche; the second circle 'B' is the geographic region where the right combination with interacting species occurs, which may or may not overlap extensively with ' A' . The intersection of ' A' and 'B' represents the geographic extent of the realized niche of the species. And the third circle 'M' is a representation of the geographic region that is "accessible" to the species in some ecological sense, without barriers to movement and colonization. The intersection of the three circles is equivalent to the observed geographic distribution of the species. Given that most SDMs are fitted on a set of abiotic predictors, the output is an approximation of the realized abiotic niche (Colwell & Rangel 2009) . Because dispersal limitation is (mostly) not taken into account when plotting the realized abiotic niche in its reciprocal geographic space, the result is the geographic representation of a species' potential distribution within the 'landscape of interest' . The degree to which the three factors overlap determines to what extent the observed geographic distribution is estimated by the realized abiotic niche. Efforts are being made to include dispersal limitation and biotic interactions in SDMs (Boulangeat et al. 2012) , but this requires additional high quality data on dispersal mechanisms, life history traits, and species co-occurrences which are not available for many species and regions in the world.
Furthermore, the application of SDMs builds on number of assumptions (Araújo & Peterson 2012) . When the intention is to predict presence of species for other regions or time periods than the 'landscape of interest' used to fit the SDM i.e. to predict the potential invasiveness, or impacts of climate change, it is assumed that species' niches are conserved over relevant time periods, known as niche conservatism (Wiens et al. 2010) . Wiens et al. (2010) MaxEnt uses presence-only data, it still needs to compare the predicted occurrence distribution against a background-or pseudo-absence sample. To prevent over-fitting of models in relation to the extent of the geographical background from where the pseudo-absences are drawn (Lobo et al. 2008; VanDerWal et al. 2009; Acevedo et al. 2012) , I restricted the study area to the HT biome as defined by WWF (Figure 1b -all grey areas; Olson et al. 2001) .
First, I developed 49 Inga SDMs for both the entire HT biome and the Brazilian subset. After testing all SDMs for significant deviation from random expectation (Raes & ter Steege 2007) , the SDMs for 36 species pairs were retained. Secondly, I thresholded the maps to convert the continuous MaxEnt predictions to discrete presence-absence maps. Thirdly, I clipped the Brazilian extent from the HT biome SDMs, resulting in pairs of presence-absence maps both covering the Brazilian extent; one generated within the artificial political boundaries of Brazil, and one generated for the HT biome and clipped to the Brazilian extent. Finally, I assessed map similarities between the 36 paired maps using the kappa statistic (Visser & De Nijs 2006) , AUC values, fraction correct prediction, and percentage difference in predicted extent. By subtracting the Brazilian maps from their paired clipped HT maps, I was able to identify regions with the highest dissimilarities in both geographical and environmental space.
Inga collection data
I selected the genus Inga for the following reasons; a) the genus was monographed in 1997 (Pennington et al. 1997) , b) has a distribution largely restricted to the HT might result in under predicted species' distributions, and is essentially similar to modelling a partial niche. Environmental bias is also known to occur within country boundaries, as was reported for Ecuador (Loiselle et al. 2008) ; but that this is not necessarily the case, was shown for Israel (Kadmon et al. 2004) . Third, it is common knowledge that the majority of species is rare (Hubbell et al. 2008) , hence represented by a few collection records in herbaria and Natural History Museums. To capture the widest possible environmental variation under which a species is known to occur, it is important to include as many geographically unique collections as possible when constructing an SDM (Beaumont et al. 2009; Sánchez-Fernández et al. 2011 ).
The Inga Example
To illustrate that partial SDMs predict different extents of occurrence than full SDMs I worked out an example on 36 species of the plant genus Inga modelled for the entire Neotropical humid tropics (hereafter HT) biome and the Brazilian subset of the HT biome. Brazil covers the central subset of the entire HT ecological space expressed on the first two axes of a PCA analysis on eight least correlated environmental variables (Figure 1 ; see Environmental variables section). From Figure 1 it is clear that Inga collections (crosses) also occur outside the Brazilian ecological envelope (light grey dots). To model the species' distributions I used the maximum entropy algorithm -MaxEnt (Phillips et al. 2006; Elith et al. 2011) , because this algorithm is performing among the best in comparative tests (Elith et al. 2006; Graham et al. 2008; Wisz et al. 2008) , and also because it was specifically developed to model with presence-only data. Although distribution of species relates to climate (Lalonde et al. 2012) . Therefore, I downloaded the 19 bioclimatic variables, plus altitude, at 5 arc-minute spatial resolution downloaded from the Worldclim dataset (worldclim.org; Hijmans et al. 2005) . To restrict the analysis to the broadest spatial extent that is biologically and biogeographically justifiable, I clipped the Neotropical humid tropics (HT) extent from this dataset with Manifold GIS (Manifold Ltd.).
To prevent problems with multi-collinearity and unnecessary model complexity, I tested the 20 variables for correlations with a Pearson's r correlation test after standardization (mean = 0, sd = 1) of the data. Simultaneously, I performed a principal component analysis (PCA) using the function 'dudi.pca' from the R-library 'ade4' (Dray & Dufour 2007; R Development Core Team 2012) . From clusters of correlated variables (Pearson's r > 0.7) I retained one variable with the highest eigenvalue on one of the first two PCA axes. This resulted in an environmental dataset of eight selected variables for the entire HT biome covering 114,904 raster cells (Figure 2b -all grey areas; Table 1 -bottom triangle). To visualize the HT biome in ecological space I plotted the biome (Richardson et al. 2001) , and c) I could make use of Pennington's Inga occurrences dataset containing 9,379 collection records. Additionally, I downloaded all Inga records from SpeciesLink (2012) containing 5,842 records. The two datasets were merged and cleaned with GoogleRefine, and all unique species records per raster cell occurring in the HT biome were retained. From this dataset I selected all records of Inga species which were represented by at least 5 records in Brazilian subset of the HT biome, and with a maximum of 75% of their records within the political boundaries of Brazil. The latter assures that partial SDMs are modelled when they are restricted to the Brazilian subset. This procedure resulted in 3,607 unique collections covering 49 Inga species. After significance testing of the SDMs (see below) the SDMs of 36 Inga species were retained which were represented by 3,005 unique Inga collections.
Environmental variables
Although edaphic conditions can be very important to the definition of a species' fundamental niche (Tuomisto 2006; Bertrand et al. 2012) , most of the variation in the geographic species records is drawn randomly from the environmental dataset. These randomly drawn sets are modelled similar as the species in MaxEnt. Finally, the SDM AUC values of the Inga models are tested against the 95 th ranked AUC values of the 99 models on sets of equally many random points as records of the Inga species which is tested. For example, the AUC value of a species represented by 11 records in the Brazilian subset of the HT biome is tested against the 95 th ranked AUC value derived from 99 times 11 randomly drawn and modelled records from the Brazilian environmental dataset. A species' AUC value that is larger than the 95 th ranked AUC value, indicates that the chance that a random set of 11 points results in an equally high AUC value is less than 5%, hence significantly better than random expectation with p < 0.05 (for details see Raes & ter Steege 2007) . I only retained the species that had a significant SDM for both environmental datasets. This was the case for 36, or 73%, of the Inga species. The continuous MaxEnt SDMs were converted to discrete presence-absence maps by applying the 10% percentile training threshold, one of the more conservative thresholds methods.
Data analyses
To assess the impact of modelling species' partial distributions within artificial ( 
Species Distribution Models (SDMs) and significance testing with a null-model
SDMs were generated for all 49 Inga species on datasets of both the partial-and full HT biome. The AUC values (Fielding & Bell 1997) of all 98 SDMs were tested for significant deviation from random expectation with a null-model (Olden et al. 2002; Gotelli & McGill 2006; Raes & ter Steege 2007) . I recognize that the AUC value as measure of model accuracy, when applied to presence-only data has flaws, caused by the fact that the maximum achievable AUC value is no longer 1, but 1-a/2; where a stands for the species' real distribution, which is typically not known (Phillips et al. 2006) . However, testing the SDM AUC value against a null-distribution of AUC values, identifies those SDMs that have a correlation with one, or more, of the environmental variables that cannot be expected by random chance.
Testing against a null-model works as follows; for each number of records by which the modelled species are represented, a series of 99 times equally many records as The bottom triangle (grey cells) represents the Neotropical humid tropics biome (Figure 1b ) and the top triangle the Brazilian subset (Figure 1a) . over-predicted maps on average have a slightly higher Kappa value. Secondly, I report the Fraction correct. The Fraction correct measure of map similarity is the uncorrected Kappa value. The average Fraction correct for both groups is approx. 85% ( Figure 4c ; Table 2 ). Thirdly, I assessed the difference in model accuracy based on AUC values. The AUC value for the Brazilian extent of the full SDM was calculated on the 'logistic' MaxEnt predictions clipped to the Brazilian extent. The presence localities used to calculate the AUC values were the same as the ones used for the paired partial Brazilian SDM. The AUC values were calculated with the function 'colAUC' in the R-library 'caTools' (Tuszynski 2012) . Figure 4b shows that the AUC values for both groups were slightly higher for the partial SDMs (>0). This can at least partly be explained by the fact that the partial SDMs were fitted to the collection localities of Brazil alone. This can lead to over-fitting as can be concluded for the larger group of under-than over-predicting SDMs compared the full SDMs. This group has on average an approximate 20% reduction in their predicted presence compared to the full SDMs, as is illustrated by the 'Percentage difference Brazil (partial) vs. HT (full)' (Figure 4d ; Table 2 ). Note that Figure 4d shows the absolute value of the 'percentage range difference' for the under-predicted models.
the under-predicted raster cells are found in the lower left corner of the partial Brazilian ecological space (Figure 3b ; dark grey color), which is close to a region where many collections are found just outside the boundary of the Brazilian ecological space (Figure 3b ; crosses). Vice versa, raster cells representing over-prediction are found in the centre of the partial Brazilian ecological space (Figure 3d ; dark grey color).
From the 36 Inga species there were 26 species with a smaller (under-)predicted presence range for partial SDMs, compared to what would be expected based on the clipped full SDMs (Table 2) ; and 10 species where the partial SDM over-predicted the expected presence extent (Table 2 ; grey bars). For these two groups separately I first assessed the similarity between the thresholded presence-absence maps of the partial -versus the full SDMs using the Kappa statistic implemented in the Map Comparison Kit (Visser & De Nijs 2006) . The Kappa statistic measures the fraction of agreement, corrected for the fraction of agreement statistically expected from randomly relocating all cells in the compared maps (Hagen 2002) . Both Figure 4a and Table 2 show that partial SDMs of under-predicted maps are on average approx. 60% similar to the full SDMs; and that the Grey records (n = 10) indicate a larger (over-) predicted presence range for partial SDMs. Bold table headers are also shown in Figure 4 .
The impact of modelling partial SDMs
The Inga example illustrates that modelling the partial niche of species by setting artificial geographical or political boundaries results in patterns of predicted presence that are different from what can be expected from a full SDM. I take the position that full SDMs -taking all possible collection localities into account, and fitted within the Neotropical humid tropics biome as the biologically and biogeographically justifiable 'landscape of interest' -as the correct predictions to which the partial SDMs are compared. Importantly, all SDMs used in the comparisons were significantly different from random expectation and the lowest AUC value reported was 0.713 (Table 2 ).
The Kappa values indicate that similarities between the partial -and full SDMs are only 60-65% ( Figure 4a) ; and when not corrected for the relative contribution of presence and absence area -the Fraction correct (Figure 4c ), values of similarity average around 85%. Although the percentage difference in presence cells can be low, as is the case for Inga alba (Figure 2a, b ; Table 2 , -4%), the patterns of predicted presence-absence between partial -and full SDMs can be very different, which can be concluded from the kappa value of 0.630 (Table 2 ) and the areas of dissimilarity between the partial -and full SDM of Inga alba (Figure 2c) . The AUC values of full SDMs were slightly lower than those of partial SDMs (Figure 4c ). This can at least partly be attributed to the behaviour of the AUC value when applied to presence-only data. From the 36 partial SDMs, 26 had a smaller (under-)predicted range compared to the full SDMs. For the 26 under-predicted models the proportional area predicted present is reduced with 25% percent on average (Table 2; Figure 4d ). This is equivalent to a proportional expansion of the 'landscape of interest' , which also results in reduced percentages predicted presence. When AUC values are calculated with a background sample drawn from a proportional larger 'landscape of interest' automatically leads to AUC values that tend to be higher (Lobo et al. 2008 (Lobo et al. , 2010 . Therefore, it cannot be concluded from the slightly higher AUC values of the 26 under-predicted partial SDMs, that these models are more accurate than their full SDM counterparts.
This behaviour of the AUC value was also demonstrated by null-models, where larger sets of random points result in larger predicted presence areas and lower AUC values (Raes & ter Steege 2007) . It is exactly this behaviour of AUC values when applied to presence-only data why all SDMs used in this example were tested for significance against a null-model (Raes & ter Steege 2007) , instead of relying on subjective interpretation of AUC values, i.e. AUC > 0.8 as a reliable model. An explanation for the slightly higher average AUC of the 10 over-predicted partial SDMs compared to the full SDMs (Figure 4b ) requires further study, and challenges the above discussion. SDMs not only apply to future projections but also extend into the past. Veloz et al. (2012) point out that 'a realized niche at any one time often only represents a subset of climate conditions in which a taxon can persist' . These problems directly relate to the non-analogue climatic contemporary conditions when SDMs are projected to the past or future (Roberts & Hamann 2011) . SDMs fitted on contemporary climatic conditions therefore always are partial SDMs, with the possibility to represent truncated niches.
Based on the findings of others reported above and the Inga example presented here, I advise that SDMs use presence data from the complete distribution range of species, or at least from biogeographic instead of political boundaries. Furthermore, it should be kept in mind that any SDM is partial by nature, which is of special relevance when SDMs are projected into the past, present and future.
From the Inga example it can be concluded that modelling partial SDMs results in the contraction of many predicted distributions to the centre of ecological space (Figure 3d ), which results in over-prediction in central Brazil when plotted in geographic space ( Figure 3c) ; and in under-prediction at the artificially set boundaries (Figure 3a) , there where the ecological gradients extend beyond the set boundary (Figure 3b) . The under-predicted region in western Brazil corresponds with the region with the highest annual precipitation in the country (data not shown). Many Inga collections originate from localities just across the Brazil-Colombia/Peru border (Figure 3a, c, grey dots) . Furthermore, the eastern side of the Ecuadorian Andes was also quite heavily sampled and is known to be humid. These conditions cannot be taken into account by the partial Brazilian SDMs and therefore result in predicted absence from the wetter side of the Brazilian precipitation gradient. The vector loading of annual precipitation (bio12) to PC1 (Figure 3b ) was -0.86, what indicates that annual precipitation likely plays a role in the under-prediction of the partial SDMs in western Brazil. Partial SDMs, which do not take regions with high annual precipitation adequately into account in their presence -and background samples, result in predicted absence from these regions.
Similar contractions at artificial borders of predicted distributions based on partial SDMs were reported for the Iberian Peninsula (Sánchez-Fernández et al. 2011) . Here I show that the geographic region of contraction corresponds with an artificial delimitation in ecological space in a direction where collections are found to occupy ecological space across this artificial boundary (Figure 3b -crosses) . The over-prediction by partial SDMs in central Brazil is likely caused by interpolated environmental conditions between the reduced numbers of collections that are available to train the partial SDMs. To confirm these suggestions would require detailed analyses of species' individual response curves to the environmental gradients; a topic of further/ future study and beyond the scope of this essay.
One of the few studies examining the effects of restricting the environmental range of data on the projection, or transferability, of SDMs to future climatic conditions (Thuiller et al. 2004) concluded that data restriction strongly influenced the estimation of the response curves. Notably, the effects were strongest towards the upper and lower ends of the environmental ranges. Thuiller et al. (2004) state that 'using restricted data is analogous to not capturing the full species' environmental range, reduces strongly the combinations of environmental conditions under which the models are calibrated, and reduces the applicability of the models for predictive purposes. This may generate unpredictable effects on the tails of the species response curves' . That data limitations can lead to truncated niches and unrealistic fits leading to spurious extrapolation to novel environments was also reported by Barbet-Massin et al. (2010) and Zurell et al. (2012) . These findings are supported by the Inga example. Problems with transferability of partial
